Abstract
Introduction
Much research has been devoted to understanding evolutionary relationships among biological entities such as genes, regulatory sequences and proteins. These studies provide many opportunities to further our understanding of the structural and functional properties of these biological entities. Sequence alignment remains perhaps the most fundamental approach involved in revealing such biological relationships. Decades of research and development in sequence alignment analysis has made sequence alignment a well-established technique. However, the expanding number of genomes, encompassing an ever wider evolutionary history, begets the need to detect weaker and weaker sequence homologies, i.e., improvement in the sensitivity of alignment algorithms.
The Smith-Waterman algorithm probably has been the most widely used algorithm in sequence database searches. It always finds the optimal local alignment between two sequences and has been implemented in the database search tool, SSEARCH [27, 23] . Popular bioinformatics tools, such as BLAST [2] and FASTA [24] , incorporate heuristic versions of the Smith-Waterman algorithm in order to make large sequence database searches more practical. Recently, Yu and Hwa proposed a variation of the SmithWaterman algorithm known as hybrid alignment [31] . In contrast to the Smith-Waterman algorithm, hybrid alignment is backed by a theory of statistics that allows one to quickly and reliably assign E-values for arbitrary scoring systems, including position-specific scoring systems. This feature is particularly relevant in iterative approaches, such as PSI-BLAST [2] or SAM [16] , which dynamically adapt their scoring systems. These iterative search tools outperform the non-iterative searches performed by BLAST and FASTA [21] .
The hybrid algorithm has the same computational complexity as the Smith-Waterman algorithm and has been combined with the heuristic approaches of BLAST, rendering the hybrid algorithm computationally efficient [30] . It has also been tested as the alignment core of a well established iterative search framework, namely PSI-BLAST [17] . The performance of Hybrid PSI-BLAST compares well with the original PSI-BLAST in detecting sequence homologs.
In this paper, we extend our study of the hybrid algorithm in PSI-BLAST. Our work is Motivated by the work of Levitt et al. [12] , which demonstrated that the inclusion of suboptimal alignments improves both the structure homology modeling as well as the sequence-structure alignment. We specifically explore the information contained in suboptimal alignments, which PSI-BLAST ignores. Since not only the optimal alignment, but also the suboptimal alignments, contribute to the final alignment score reported by the hybrid algorithm, it is a natural extension for the hybrid algorithm to search the suboptimal alignment space when building a new model from the sequences found in previous iterations.
We use a database derived from SCOP in evaluating our new approach. We compare our new approach to NCBI PSI-BLAST and the previous hybrid PSI-BLAST (Hybrid PSI-BLAST). In examining the false positives reported by the extended hybrid PSI-BLAST (extHybrid PSI-BLAST), we find that many of them are classified as true positives according to two other popular protein classification systems, namely CATH [22] and DALI [13] . We discuss the discrepancy in the classification of these ambiguous sequences and its effect on the evaluation of sequence database search tools.
The remainder of this paper is organized as follows. Section 2 presents some background on sequence alignment statistics. Section 3 provides a general review of the forward-backward algorithm, which we use to exploit suboptimal alignments in refining sequence models. In Section 4, we describe the implementation of the forwardbackward algorithm in Hybrid PSI-BLAST and discuss the choice of the pseudocount constant. Section 5 evaluates the extended Hybrid PSI-BLAST approach, and gives a performance comparison between the hybrid and the original version of PSI-BLAST. The differences in the classification of some ambiguous sequences from three protein structure classification methods, namely SCOP, CATH and DALI, is also discussed therein. Finally, Section 6 concludes the paper and proposes directions for future research.
Review of sequence alignment statistics
Pairwise sequence alignment algorithms assign a score to the alignment of each pair of sequences. Generally, a larger score implies a closer biological relationship. Iterative sequence alignment tools, such as PSI-BLAST or SAM, build on these pairwise sequence alignment algorithms. In each iteration the pairwise sequence alignment algorithm is used to search a large sequence database leading to a list of hits ordered by their scores. From the high scoring alignments, a multiple alignment is created. That, in turn, determines the scoring system of the next iteration. The crucial step between iterations is deciding which of the hits to keep as putative members of the family (and thus include in the multiple alignment) and which of the hits to reject as irrelevant. A reliable quantitative criterion for this decision is a cutoff in the E-or p-value.
The statistical significance expressed by the E-value judges the quality of an alignment relative to all alignments that one would obtain by aligning randomly chosen (and thus unrelated) sequences. Therefore, it can only be calculated if it is known how the alignment scores of randomly chosen sequences are distributed. For alignment algorithms that do not allow gaps, i.e., insertions or deletions, in their alignments, this alignment score distribution of random sequences is known. It has been rigorously proven [14, 15, 11] that the expected number of gapless local alignments of two sequences of length M and N with a score larger than Σ, i.e., the E-value, follows, in the limit of infinitely long sequences, the universal form
This form neither depends on the scoring parameters nor on the sequence model, i.e., the frequencies with which each amino acid appears in the random sequences, as long as only local alignments are considered. However, the two parameters λ and K do depend on the scoring parameters. The Karlin-Altschul theory [14, 15, 11 ] also describes this dependence. Thus, an E-value can be assigned to a gapless alignment without any further need for computation which made the original version of BLAST so successful. However, to detect weak sequence homologies, gaps must be allowed [23] . According to many numerical studies [10, 18, 29, 1, 20] , in the presence of gaps the E-values still follow the universal form Eq. (1). However, the numerical values of the two parameters λ and K are not known.
There are various approaches to solving this dilemma. For large gap costs, approximate analytical formulas exist for λ [19, 26] . For a small sub-class of scoring systems, an analytical formula for λ that is valid for all gap costs [6] has been derived. The current version of PSI-BLAST uses a heuristic method to estimate λ for different scoring matrices but at fixed gap cost [2, 25] . In addition, there are numerical approaches [7, 8] that rapidly determine λ.
However, all of these approaches are either heuristic or restricted to certain regimes of the alignment parameters. A possible escape route from this dilemma is an alternative alignment algorithm that has been proposed by Yu and Hwa [31] . The algorithm is called hybrid alignment since it is a combination of the Smith-Waterman algorithm and probabilistic schemes like hidden Markov models. In hybrid alignment the score assigned to a sequence pair is from the summation over all the possible alignments instead of from the most probable one alignment as in the SmithWaterman algorithm. Nevertheless the E-values are still calculated according to Eq. (1) with the parameter λ taking the universal value λ = 1 completely independently of the scoring system. This simplification of the statistics does not decrease the sensitivity of the algorithm compared to the traditional Smith-Waterman algorithm [30] . The basic computational complexity of the alternative algorithm is the same as for Smith-Waterman and it can be combined with heuristic schemes similar to the ones used in BLAST to reduce the computational effort. Most importantly, the theoretical prediction of the universal form Eq. (1) with λ = 1 holds even for position-dependent gap costs. This prediction has also been numerically verified [30] for a large range of scoring systems with position-specific gap costs taken from the PFAM [3] database. The inability to calculate Evalues for position-specific gap costs is precisely the reason why PSI-BLAST does not adopt this feature, in spite of the expectation that such a position-specific gap cost would increase sensitivity significantly if it were possible to implement it. Thus, using hybrid alignment in PSI-BLAST would not only provide a theoretical basis for the calculation of E-values with the current fixed gap cost scoring systems but also enable us to utilize the suboptimal alignments and open up the possibility to the future incorporation of more sensitive position-specific gap costs.
Forward-backward Algorithm
The forward-backward algorithm, also known as BaumWelch algorithm, was originally proposed by Baum [4] in the study of natural language processing. It can also be used to estimate the parameters of a Hidden Markov Model (HMM). With the introduction of HMMs to sequence alignment, the forward-backward algorithm has become an increasingly used bioinformatics tool. As the name suggests, it consists of two parts: a forward algorithm and a backward algorithm. Both can be implemented by dynamic programming much like the Smith-Waterman and the Needleman-Wunsch algorithms. In fact, the forward algorithm is closely related to the Needleman-Wunsch algorithm. The forward algorithm replaces the "max" operation in the Needleman-Wunsch algorithm with a "sum" operation. It thus calculates the sum of the probabilities of all alignments as opposed to only the probability of the optimal alignment. The difference will be trivial if the probability of the optimal alignment is dominant, however, if there are many suboptimal alignments with probabilities comparable to the probability of the optimal alignment, the latter is expected to capture more information. This latter case is very common for aligning two remote homologs. The forward algorithm computes the sum of the probabilities of all alignments ending in node j of the HMM and letter i of the sequence for all pairs (i, j). The backward algorithm uses a similar dynamic programming scheme to calculate the sum of the probabilities of all alignments that start at node j of the HMM and letter i of the sequence. By coupling the forward and backward algorithms, the posterior probability of the occurrence of any amino acid at every model position can be estimated, a process called posterior decoding.
Here is a brief summary of the forward-backward algorithm in the context of hybrid alignment. Let Ω be the model of length m, and X = (x 1 x 2 · · · x n ) be the sequence to be aligned with the model. On the alignment lattice, the forward algorithm can be used to calculate the total probability f S i,j of all alignment paths reaching any state S at any position (i, j), where S ∈ {M (match), I(insert), D(delete)}, i = 1. . . n, j = 1 . . . m via the following recursions:
The boundary conditions are:
is the ratio of the emission probability q j,xi of amino acid x i over its background probability p xi at model position j, i.e., ω j ( 
Using the forward algorithm we can find the position (s E , m E ) at which Z i,j is maximized, where
Once we chose (s E , m E ) to be the end of the alignment, the backward algorithm can be used to calculate the total probability b S i,j of all alignment paths starting from state S at position (i, j) and ending at the point (s E , m E ), where 1 ≤ i ≤ s E , 1 ≤ j ≤ m E via the recursions:
The probability of seeing amino acid A at model position j in sequence X can then be obtained as follows:
This probability is then summed over all the training sequences. After proper normalization over the 20 amino acids, the new emission probability of the occurrence of any amino acid at position j is computed.
Extending Hybrid PSI-BLAST
In previous work [17] , a position-specific version of the hybrid algorithm was implemented in version 2.0 of NCBI PSI-BLAST by replacing the Smith-Waterman algorithm with the hybrid algorithm as the tool for assigning scores to the sequence hits and assessing the statistical significance of the scores in PSI-BLAST. Hybrid PSI-BLAST has essentially the same user interface with only a small number of new options added for hybrid alignment and retains many of the features of the original NCBI PSI-BLAST.
Hybrid PSI-BLAST calculates the alignment score of every subject sequence using the hybrid algorithm, i.e., the forward algorithm described above. However, once the sequences are selected to be included in the model for the new round, the Smith-Waterman algorithm is executed in order to construct the optimal pairwise alignment between each such sequence and the query. The weighted number of times an amino acid A occurs in column j of the multiple alignment induced by these pairwise alignments yields the normalized frequency q j,A , which is later used to determine the substitution score at position j for amino acid A. This process is identical for Hybrid PSI-BLAST and regular PSI-BLAST.
It is fairly natural to extend Hybrid PSI-BLAST to integrate information about the suboptimal alignments in model building since Hybrid PSI-BLAST already uses such information in the calculation of the alignment score assigned to each sequence pair. Thus, instead of simply counting how often an amino acid A occurs in column j of the multiple alignment, we will use the posterior probabilities P (A, j, X|Ω) to determine the contribution of amino acid A in sequence X to column j of the multiple alignment. If the optimal alignment between sequence X and model Ω is dominant, P (j, X|Ω) has a single peak that is close to 1 for the amino acid A appearing in the optimal alignment and 0 for the other 19 amino acids. Thus we simply "count" the dominant amino acid in this position in the same way as PSI-BLAST and Hybrid PSI-BLAST. Otherwise, the distribution of P (j, X|Ω) is flatter. A single sequence will contribute more than one amino acid to the multiple alignment at column j albeit with a reduced weight reflecting the uncertainty of the alignment at this position.
Since we already implemented the forward algorithm to calculated the alignment scores, we just replaced the routines responsible for calculating the alignment weight matrix by an implementation of the backward algorithm according to Eq. (4), and the decoding of the posterior prob- . Usually, we are limited by the number of the aligned sequences -especially during the first iteration -some variation in the occurrence of certain amino acids may well be missed. Thus it is likely that a matrix derived directly from the q j,A may overfit the data. To address this problem, we recruited the pseudocount approach used in NCBI PSI-BLAST to alleviate the effect of the incompleteness in the sequence sample. In NCBI PSI-BLAST, the actual target frequency of amino acid A at position j is computed as follows:
where g j,A = b q j,b e λµs A,b . α and β are pseudocount constants, controlling the weights of the prior knowledge about the target frequencies and the actual observed values from the sample. Here, s A,b represents the alignment score for amino acid pair A and b in some nonposition-specific matrix, such as BLOSUM62. λ µ is the parameter λ in Eq. (1) 
Hybrid versus NCBI comparison
In order to accurately evaluate the performance of various sequence alignment algorithms or tools, it would be ideal to have a database in which all the relationships among sequences are known. But this ideal database will never exist because it is impossible to trace back millions and billions of years to verify the true evolutionary history of the proteins or other biological sequences. Thus, we can only approximate the true relationships by inferring homology from structural and functional clues found so far. SCOP is among the early attempts to create such a database, and its classification scheme largely relies on the judgment of human experts. In many ways, SCOP has been considered as the gold standard of protein structure classification, and accordingly has been used by many studies for evaluation of sequence alignment algorithms [5] .
In assessing the performance of extHybrid PSI-BLAST, we followed this method. The astral compendium (AS-TRAL SCOP 1.59, http://astral.berkeley.edu/) provides a database that contains only sequences with less than 40% pairwise sequence identity (PDB40) [9] . We use all sequences in the database as queries to carry out an all-vsall comparison. However, one sequence was excluded since we suspect that its true relationship may not be correctly reflected in the SCOP classification. This sequence, namely the representative of the superfamily c.11.1. was consistently misclassified by all versions (Hybrid and NCBI) of the algorithms for nearly all parameter choices (as it turns out that the newest release of ASTRAL indeed changes its classification to c.10.3, which is even a different fold from the old assignment). There are then 4382 sequences with 88171 pairs of true homologs in the remaining database. After pooling together the reported hits and ranking them by E-value, we counted the number of true homologs and the number of non-homologs below various cutoff E-values.
For each E-value cutoff, the Coverage was computed by dividing the number of true homologs by the total number of true relationships in the database, indicating how well the program recovers homologies from the database. On the other hand, the Errors Per Query (EPQ), which is the quotient of the number of non-homologs and the total number of queries, tells us the likelihood of an error. The plot of EPQ versus Coverage as a parametric function of the cutoff E-value demonstrates the tradeoff between the sensitivity and selectivity of the program.
One consideration we had about the extHybrid PSI-BLAST is the choice of the pseudocount constant. Since NCBI PSI-BLAST has undergone years of optimization, it is not clear whether the pseudocount constant used by NCBI is also optimal for HYBRID. Specially we expected that we might have to use a smaller pseudocount since the contribution of the suboptimal alignments already provide counts for amino acids that are absent in the optimal alignments. Thus, we tried different values of the pseudocount constant β (since only the ratio β/α enters in Eq. (6), it is enough to vary one of these constants). We found that the default value for NCBI PSI-BLAST is also optimal for extHybrid PSI-BLAST, as shown in Figure 1 .
Having determined the pseudocount for calculating the position-specific alignment weight matrix, we then evaluated our new approach by comparing the extHybrid PSI-BLAST with Hybrid PSI-BLAST and NCBI PSI-BLAST. In order to assess the changes in sensitivity resulting from the incorporation of the information of the suboptimal alignments, we used two different evaluation schemes. One of them, which we will refer to as straight counting, is the one used previously [5, 8] where two sequences are considered homologs if they are members of the same superfamily of SCOP and non-homologs if not.
However, a concern about the accuracy of the SCOP classification has been recently raised by some researchers. More specifically, the concern is that some of the proteins that are classified in different superfamilies in SCOP might actually still be homologs. This concern becomes criti- cal as sequence comparison algorithms become sensitive enough to actually find these very weak homologies. Under the straight counting scheme, an algorithm that finds such a weak homolog would be penalized since it would be classified as an error according to the straight counting. To circumvent this difficulty, some suggested that any hit that is in a different superfamily but in the same fold as the query should be ignored instead of being counted as a non-homolog, since we do not have sufficient information to judge whether it corresponds to a true homolog or not. Here, we refer to this latter counting method as conservative counting.
We applied both counting approaches to evaluate the performance of extHybrid and NCBI PSI-BLAST. The result in Figure 2 (a) exhibits that extHybrid PSI-BLAST is comparably or slightly more sensitive than NCBI PSI-BLAST in detecting homologous sequences in the database when straight counting is applied. When coverage is low, extHybrid PSI-BLAST makes more errors than Hybrid PSI-BLAST but still fewer than NCBI PSI-BLAST. However, extHybrid improves greatly over Hybrid PSI-BLAST when coverage is high. The picture becomes quite different when conservative counting is applied. Figure 2 (b) clearly shows that extHybrid PSI-BLAST outperforms both NCBI and Hybrid PSI-BLAST in this case. Figure 3 highlights the difference between straight and conservative counting for extHybrid and NCBI PSI-BLAST, respectively. It can be easily seen that the counting method hardly affects the EPQ vs. Coverage plot for NCBI PSI-BLAST. This implies that all false hits of NCBI PSI-BLAST are, in fact, real non-homologs. On the contrary, for extHybrid PSI-BLAST there are noticeable disagreements between the results for straight counting and for conservative counting. Thus, we suspect that the performance of extHybrid PSI-BLAST is already beyond what the SCOP classification with straight counting can measure, i.e., extHybrid PSI-BLAST can find some homologs that are so remotely related that they are classified into different superfamilies in SCOP.
To further augment this point, we collected hits with Evalue less than 0.01 for extHybrid PSI-BLAST that are false hits under the straight counting scheme but undecided according to conservative counting. We examined their relationships by referring to another popular protein classification database CATH [22] , which combines manual and automated processes to organize the proteins. There are 39 ambiguous sequence pairs found by extHybrid PSI-BLAST that are classified as non-homolog pairs in SCOP. In CATH, almost all of these proteins pairs (35 out of 39) are classified as homologs. The exceptions are 3 sequence pairs that are not classified at all in CATH and one sequence pair (d1jtdb vs. d1k3ia3, the one with the largest E-value of 0.009) that is classified as non-homologous. These 39 sequence pairs involve 31 sequences, listed in Table 1. To further investigate the possible homologies uncovered by extHybrid PSI-BLAST, we also submitted the coordinate files of the 35 pairs that are considered homologs in CATH to DaliLite, which is the structure comparison and database search engine for another protein classification system DALI. The result shows that except for two very short sequences (∼ 50 amino acids in length) the Z-score for each pair is above 10. As for the root-mean-square deviation (RMSD) of α-carbon atoms, 22 pairs share structures within 3Å RMSD, 11 pairs within 4Å RMSD and 2 pairs within 6Å RMSD. These findings provide strong evidence for the homology of these sequence pairs. 
Conclusion
In this paper, we have extended our previous work on the hybrid algorithm by incorporating information about suboptimal alignments in the sequence model refining process in PSI-BLAST. This is achieved by implementing the forwardbackward algorithm in place of the routines for building the alignment matrix in HYBRID PSI-BLAST. We also experimented with various values for the pseudocount constant and found that the default value for NCBI PSI-BLAST is optimal for extHybrid PSI-BLAST as well.
Under the regular evaluation method using the SCOP classification, extHybrid PSI-BLAST and NCBI PSI-BLAST perform very similar, with extHybrid PSI-BLAST being slightly more sensitive than NCBI PSI-BLAST. However, if we take some caution in the classification of the SCOP database and use a conservative counting method in evaluating the performance, we find that extHybrid PSI-BLAST outperforms NCBI PSI-BLAST, primarily due to the differences in the false positives that are identified by these two alignment programs, i.e., the "errors" NCBI PSI-BLAST makes are mostly true errors, where as many of the "errors" extHybrid PSI-BLAST makes are potential homologs. For the collection of those "errors" made by extHybrid PSI-BLAST with reported E-value less than 0.01, we found that most of them are classified as homologs in CATH and DALI. We conclude that extHybrid PSI-BLAST reaches a sensitivity that exceeds what can be reliably measured by the SCOP classification. Since we have not optimized the extHybrid PSI-BLAST code in the current implementation, it now runs an order of magnitude slower than NCBI PSI-BLAST when doing the all-vs-all sequence comparison on the PDB40 databases. From our previous experience [17] , however, we expect the optimized code will not be substantially slower than the NCBI PSI-BLAST.
Here we only investigate one feature provided by hybrid alignment. There are many attributes available to the hybrid algorithm but lacking in the Smith-Waterman algorithm which have not been explored. The most prominent one is the ability to handle position-specific gap costs, which takes into account the different indel (insertion/deletion) propensities along the protein sequences. It is expected that it is more likely to have an indel in loop regions of a protein family than in its core regions, which has a more stable structure. This information is thought to be valuable in improving the sensitivity of the alignment algorithm, but is not utilized in PSI-BLAST because of a fundamental limitation of the underlying theory of the alignment score statistics for the Smith-Waterman alignment. Based on the work described in this paper, it is possible for us to extend the forward-backward algorithm for calculating the gap probabilities in a position-specific fashion and to examine the potential effect on searching remotely related sequences. The extHybrid PSI-BLAST program is available online at http://lsdcg.cse.ohio-state.edu/hybrid.
